Abstract
Introduction
The cardiac diseases get the more attention of researchers in recent years, due to that the cardiac disease is the leading killer of human being [1, 2] . In the actual clinical diagnosis, the function indexes of heart are important for physicians. The function indexes, such as the end-diastole volumes (EDV), the end-systole volumes (ESV), and the eject fraction (EF), can be estimated through the segmentation method. However, most of researches focus on the left ventricle (LV) segmentation because the LV is the biggest chamber of heart [3] [4] [5] . Compared to the LV, the segmentation problems of RV get more and more attentions in recent years, along with the increasing cognition about the function of RV [6] [7] [8] . For instance, some cardiac diseases such as pulmonary hypertension, cardiomyopathy and dysplasia, are all related to the RV.
In the actually clinical diagnosis of cardiac diseases, the cardiac magnetic resonance (CMR) is an important imaging modality and widely used because of its special advantages such as non-invasive detection, low radiation doses and high imaging quality [9] . Generally speaking, CMR is considered as gold standard in cardiac disease diagnosis especially in LV and RV function estimation. Hence, in this paper, the main modality of this research is CMR.
Compared to LV, the RV segmentation problem has more difficulties, for instance, the complex crescent shape, the presence of trabeculation and the relatively thinner wall of ventricle. Hence, after the RV segmentation workshop of MICCAI 2012 [6] , comparatively few works focus on the RV segmentation. The methods of LV segmentation can be classified into two kinds: the methods based on traditional image processing and the methods based on deep learning.
In the term of traditional image processing, [10] proposed a method based on a combination of a novel window-constrained accumulator threshold technique, which incorporated a priori segmentation window constraints to guide and refine RV segmentation. [11] proposed a novel RV segmentation method based on moving mesh correspondences technology, which can be used as automatic propagation of the right ventricle (RV) endocardial and epicardial boundaries in 4D (3D+time) CMR sequences to achieve the RV segmentation in 4D CMR datasets. Besides, the proposed method in [11] can also be extended to be applied in RV congenital heart disease datasets.
In terms of deep learning, inspired by the powerful representation ability of convolutional neural networks (CNN) [12] [13] [14] , some researchers proposed RV analysis methods based on CNN. [15] proposed a directed RV volumes prediction method based on CMR using the CNN and random forests. [16] proposed a fully convolutional neural network for cardiac segmentation in short-axis CMR, which can handle the RV and LV segmentation problems simultaneously. [17] proposed a method based on CNN and stacked autoencoder, which is trained to locate the region of interest (ROI) and delineate the boundary of RV chamber.
Additionally, the related review papers [18, 19] summarize more methods in new views. In this paper, inspired by the paper [20] , we proposed a new method to address the RV segmentation problems in CMR using deep CNN networks. The rest of this paper is organized as follows. In the section 2, we introduced the basic frameworks about the proposed methods, including the location of ROI and RV segmentation based on deep CNN. In the section 3, we showed the results of RV segmentation experiments. Finally, we concluded this paper in the section 4.
Methods
In the field of computer vision, the image segmentation problems are often divided into two subtasks: the location of ROI and the objects segmentation to get the final pixel-wise object masks. Inspired by the traditional natural images segmentation methods, we proposed a new framework to address RV segmentation problem in the field of medical image processing. The Figure 1 shows the basic framework of the proposed method, the details can be introduced in the following sections.
Location of ROI
Firstly, to achieve accurate and robust ROI location model in the first task, we selected 960 CMR images with manual labelled squares, whose sizes are 150*150. We generated the squares through labelling the center points and cropping the ROI around the center points. Because the task of location aims at the slices across the whole short-axis, hence these manual labelled CMR images are the base slices in short-axis. Additionally, the manual labelled squares contain the RV and LV, because some experiments have proved that such regions can be located more accurately than the regions only containing the RV.
As shown in the Figure 1 , we constructed the eight layers fully convolutional networks to achieve the location of ROI. We formulated the location problems into following cost function:
where the X t denotes the relative position of the center points in horizontal direction. The Y t denotes the relative position of the center points in vertical direction. W denotes the weights of the filters. Note that the number of filters is 6 in the every convolutional layer and the size of the convolutional kernel is 32*32. N and i denote the size of training sets and subject number respectively. The denotes the weight coefficient of regular term.
To achieve relatively faster location processing, we proposed a transfer squares method based on the relationships across the slices along the short-axis (apex, mid, and base slices). Additionally, we find that most of subjects exist little shift among slices. Hence, as shown in Figure 2 , the red square in the base slice can be easily transferred into the mid and bottom slices vertically. Finally, the ROI in every short-axis slice can be got.
RV segmentation
The location of ROI can improve the computation efficiency because the following segmentation processing can focus on the ROI with 150*150 size.
As shown in the Figure 1 , the deep convolutional networks for endocardium and epicardium segmentation of RV consist of five fully convolutional layers. In every layer, the number of filters is five, and the size of every kernel is 31*31. The parameters of the two networks are optimized via back propagation. The loss function of the optimization is: Compared to the traditional hand-crafted features, the main advantage of deep learning is that it can learn some representational features automatically. Furthermore, to avoid the ambiguity of objects mask, trainings of segmentation of endocardium and epicardium are independent.
The model can be optimized using stochastic gradient descent (SGD). In this paper, the training is conducted for 300 iterations. We selected the best segmentation model at the minimum loss value of validation datasets (the 332 slices including 200 training slices and 132 validation slices) during the training process as the finial segmentation model. This distribution method of training and validation data enhanced the generalization ability of the final segmentation model.
3.
Results and discussion
Datasets and metrics
The deep learning network was trained and validated on cardiac MRI datasets from MICCAI 2012 right ventricle segmentation challenge including 48 patients (16 training patients and 32 test patients), which are the biggest RV datasets to my best knowledge. In the step of training ROI location model, we manually labelled the base slices in short-axis of the 48 patients for training location model. In the step of segmentation, we adopted the ground truth (486 slices from 16 training patients across different positions along the short-axis) from RV segmentation workshop of MICCAI 2012 to train and test the segmentation model. Note that the 486 slices from 16 train patients are divided into the training sets including 332 slices and testing sets including 154 slices.
At last, the proposed method was evaluated by the recognized criterions, including Dice metric (DM), Hausdorff distance (HD), correlation coefficient (R) and mean errors (ME) for end-diastole volumes (EDV), endsystole volumes (ESV) and ejection fraction (EF). Note that the EDV and ESV are got by summing the volumes in each slice on end-diastole and end-systole phases. The volumes in each slice are computed as the product of the corresponding cavity area (the endocardium segmentation results) and the slice thickness.
Environment of experiments
We conducted the experiments in the workstation, whose configurations are 3.4GHz Core i7 CPU, 64GB RAM, Nvidia TiTan X (12GB memories). The codes are based on python language and Keras deep learning framework. The learning ratio of SGD is 0.0001, the batch size is 12 in per iteration of training, the number of iteration is 300 for training the RV segmentation model and ROI location model.
Prediction accuracy
The results by comparison with ground truth are as following: Endocardium: DM=0.86 0.09, HD=6.9 2.6mm; Epicardium: DM=0.84 0.13, HD=8.9 5.7mm; EDV: R=0.89, ME=7.1 4.5ml; ESV: R=0.84, ME=9. 6 6.7ml; EF: R=0.86, ME=7.5 5.3 . Besides, as shown in Figure 3 , the proposed model has fast convergence rate especially at the start of training. The power fitting of the trend of loss decrease also is shown in Figure 3 , which shows the good reduce trend of the proposed prediction model.
Efficiency
We report the efficiency of the proposed method in terms of ROI location, the number of CNN layers and model training.
Some experiments without the ROI location step were also attempted. As we can see in the Figure 3 , the trend line of loss decrease prove that the step of location can achieve relatively faster convergence and higher accuracy. Generally, the cost of time in location is one hour for training and one second for computation. Compared with the improvement in the term of accuracy, this cost is worth.
In the term of CNN networks, the number of CNN layers is the leading factor for computation cost. After a lot of attempts with different depth of the CNN, we found the eight CNN layers in the location step and five CNN layers in the segmentation step are good balance between computation efficiency and location accuracy. Besides, the designed deep CNN can achieve 5s 
Conclusion
In this paper, we proposed a new RV segmentation method based on multi-tasks framework using deep learning technology. Specially, the proposed ROI location method improve the segmentation accuracy and computation efficiency in some extent. The final segmentation results prove that the proposed method has big potential to be further researched and applied in clinical diagnosis.
